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Abstract

We introducea novel data structure called Differential Time-Histgram Table (DTHT) for visualizationof time-
varyingscalardata. Thisdatastructue only storesvoxelsthatare changingbetweenime-step®r duringtransfer
functionupdateslt allowsefcient updatef datanecessaryor renderingduring a sequencef queriescommon
during dataexploration and visualization.Thetable is usedto updatethe valuesheldin memorysothat ef cient
visualizationis supportedwhile guaranteeingthat the scalar eld visualizedis within a givenerror toleranceof
thescalar eld sampledOur datastructure allowsupdatesof time-stepsn theorder of tensof framesper second
for volumesof sizesof 4.5GB,enablingreal-timetime-slides.

Catagyoriesand SubjectDescriptorgaccordingto ACM CCS} 1.3.6 [ComputerGraphics]:Graphicsdatastructures

anddatatypes- E.1[Data]: DataStructures

Keywords: time-varyingdata,volumerendering

1. Intr oduction

As computingpower andscanningprecisionincreasescien-
ti ¢ applicationgenerateime-varyingvolumetricdatawith

thousandf time stepsandbillions of voxels, challenging
our ability to explore andvisualizeinteractively. Although
eachtime stepcangenerallyberenderecef ciently, render

ing multiple time stepsrequiresef cient datatransferfrom

disk storageto mainmemoryto graphicshardvare.

We usethetemporalcoherencef sequentiatime frames,
the spatialdistribution of datavalues andthe histogranmdis-
tribution of the datafor ef cient visualization.Temporalco-
herencd SH99 is usedo preventloadingunchangedample
values spatialdistribution[WG92 to presere renderingo-
cality betweerimagesandhistogramdistribution to update
for incrementalipdatesiuringdataclassi cation.

Of these temporalcoherenceand histogramdistribution

T hyounesy@cs.sfu.ca
¥ torsten@cs.sfu.ca
§ hamish.carr@ucd.ie

¢ TheEurographic#ssociation2005.

are encodedin a differential table computedin a prepro-
cessingstep.This differentialtableis usedduringvisualiza-
tion to minimize the amountof datathatneedso beloaded
from disk betweenary two successie images.Spatialdis-
tribution is then usedto accelerataenderingby retaining
unchangedyeometric,topologicaland combinatorialinfor-
mation betweensuccessie imagesrenderedbasedon the
differentialinformationloadedfrom disk.

Thecontributionsof this paperareto identify andanalyze
statisticalcharacteristicsf largescienti ¢ datasetsthatper
mit ef cient errorboundedvisualization.We unify the sta-
tistical coherencef thedatawith theknown spatialandtem-
poralcoherencef thedatain a singledifferentialtableused
for updatingamemory-residengersionof the data.

We de ne coherenceand distribution more formally in
Section2, review relatedwork in Section3 andsupportour
de nition of coherenceanddistribution in Section4 with a
casestudy In Section5 we shav how to exploit datachar
acteristicsto build a binneddatastructurerepresentinghe
temporalcoherenceand spatialand histogramdistribution
of thedata,andhow to usethis structureto acceleratenter-
active explorationof suchdata.We thenpresensomeresults
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in Section6 andsomeconclusionsn Section?, followedby
commentn possiblefuturework in Section?.

2. Data Characteristics

In orderto discusshothpreviouswork andour own contritu-
tions,we startby de ning ourassumedhputandthestatisti-
cal propertief the datathatwe will exploit for accelerated
visualizationwe will supportheseassertionempiricallyin
our casestudyin Section4.

Formally, a time-varying scalar eld is a function f :
A%4! A.Suchdatais oftensampledf at x edlocationsV =

ploit this samplingregularity to accelerateisualization,we
assumehatour datais of theform F = f (v;t; f(vt)) 8v2
V;t 2 Tg, whereeachtriple (v;t; f(v;t)) isasample

Previousresearcheneportf OM01] thatonly asmallfrac-
tionof F is neededor ary givenimagegenerateduringvi-
sualization.Thus,ary imagecanbe thoughtof astheresult
of visualizinga subsebf F de ned by aqueryq.

More formally, given F and a condition g at time t
(e.g. a transferfunction), nd the setF jq of all samples
(vit; f(»t)) for which g is true (e.g.the opacityof f(vt) is
non-zero)Thus,F jqis the setof samplemneededo render
g, calledtheactivesetof g.

To constructqueryq for isosurficeextractionatisovalue
h, F jq consistof all sampledelongingto cellswhoseiso-
valuesspanh. For volumerenderingwe basetransferfunc-
tions on the isovalue, as shavn in Figure 4: the active set
thereforehasa rangeof isovalues.

We now restateour obseration: we expect kF jgk
kF k. Moreover, F jqis rarelyrandom noris it evenly dis-
tributedthroughoutthe dataset.Instead F jg tendsto con-
sistof large contiguousblocksof samplesdueto the conti-
nuity of the physicalsystemunderlyingthe data,andthein-
herentorganizationof mostphysical systemseingstudied.
We exploit bothcharacteristicso acceleratevisualization.

We also exploit the fact that human exploration of
datausually involves continuous(i.e. gradual)variation of
queries.Formally, we areinterestednot in a single query

tial querieswill benearlyidentical,i.e.thatF jgi+1 F jg;.

In particular we exploit coheenceand distribution. Let
us denotetwo sampless; = (vy;tg; f(v;t)) and sp =
(vo;12; f(v2;10)), andchoosesmallvaluesd;/ > 0.

Spatial coherenceis coherencewith respecto the spa-
tial dimensionsx;y; z of the domainof f, andis basedon
the spatialcontinuity of the physical system.Small spatial
changesmply smallfunctionalchangesi.e.if jv1 wvpj < d
andt; = tp, thenjfy  fyj< | forsmalll .

Temporal coherenceis coherencewith respectto the
timedimensiort of thedomainof f andis basednthetem-
poralcontinuity of the physicalsystemHence,f jt; ty] <
dandvy = vp, thenjfy  foj < | forsmalll .

Given two sequentialqueriesq;; i+ 1 Which differ only
slightly in spaceor time, F jg; andF jgi+1 will therefore
overlap signi cantly. We exploit this to accelerataghe task
of updatingthe active setfor renderingpurposesfocusing
principally ontemporalexploration.We alsoexploit statisti-
cal propertieof thedatasetsin questionwhichwe describe
in termsof datadistribution:

Histogram distrib ution is apropertyof thefunctionaldi-
mension(i.e.therangeof f) anddependsargely onthedata
beingstudied.However, it is usuallytrue thatextractedfea-
turesarechoseratvalueswheretherangeof f variesgreatly:
thuswe expectf to befairly well distributed,althoughsam-
pling mayaffectthis.

Spatial distrib ution is a large scaleform of spatialco-
herenceand is based(again) on the physical phenomena
scientistsand engineersstudy Although datais commonly
generatecbver large domainsiit is often true that nothing
interestinghappensn mostof the domain.As a result,the
active setsfor queriesmadeby the userare often clustered
in asubsebf thespace.

Histogram distribution is crucial where two sequential
queriesqg; andg;+ 1 differ only slightly in the functionaldi-
mension.For well-distributed datavalues,we expectF jq;
and F jgi+1 to be substantiallyidentical: i.e. that we can
changetransferfunctionsmorerapidly by loadingonly the
new datavaluesrequired.Moreover, the spatialdistribution
of thedataallows usto have spatiallysparsalatastructures.

3. RelatedWork

Thedif culty of renderingargedatasetsis well-recognized
in the literature,with successie solutionsaddressingro-
gressvely largerdatasetsby exploiting variousdatacharac-
teristics.Broadly speakinghowever, the solutionsproposed
have dealtwith isosurbiceextractionandvolumerendering
asseparateopics,whereasur solutionis applicableto ei-
therwith suitablemodi cations.

Modern isosurfice extraction and volume rendering
methodsare basedon the recognition that the problem
is decomposablénto smaller sub-problemsLorenson&
Cline [LC87] recognizedthis and decomposedhe extrac-
tion of anisosurficeover anentiredatasetby extractingthe
surfacefor eachcell in a cubicmeshindependently

Almost  simultaneously Wyvill, McPheeters &
Wyvill [WMW86] exploited spatial coherencefor ef-
cient isosurfce extraction in their continuation method
Spatial coherencehas also been exploited for volume
renderingg WTTL96].

¢ TheEurographic#ssociation2005.
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Other researcher§CMM 97, Gal91, LSJ96 WG92 ex-
ploit spatialdistribution for ef cient extractionof isosurfice
active sets.In particular Wilhelms & van Gelder[WG92
introducedhe Branch-On-Needctree(BONO) a spaceef-
cient variationof the traditional octree.Octrees however
do not alwaysrepresenthe spatialdistribution of the data,
andareinapplicableto irregularor unstructuredyrids.

Livnatetal. [LSJ9§ introducedthe notion of spanspace
- plotting the isovaluesspannedby eachcell and building
a searchstructureto nd only cellsthat spana desirediso-
value. Sincethis representshe rangeof isovaluesin a cell
by a single entry in a datastructure,it exploits histogram
distribution. Histogramdistribution hasalsobeenexploited
to accelerateenderingfor isosurfices]CVCKO03] by com-
putingactive setchangesvith respecto isovalue.

Chianget al. [CSS98 clusteredcellsin irregularmeshes
into meta-cellsof roughly equalnumbersof cells,thenbuilt
an I/O- efcient spanspacesearchstructureon thesemeta
cells,agnin exploiting histogramdistribution.

For time-varying data,it is impossibleto load an entire
data set plus searchstructuresinto main memory so re-
searcherdiave reducedthe impactof slov disk accesshy
building memory-residengearctstructuresndloadingdata
from disk asneeded.

Sutton & Hansen[SH99 extendedbranch-on-needac-
treesto time-varying datawith Tempoal Branch-on-Need
Octrees(T-BON), using spatialand temporalcoherenceo
acces®nly thoseportionsof searctstructureanddatawhich
arenecessaryo updatetheactive set.

Similarly, Shen[She98 notedthat separatespanspace
structuredor eachtime-stepareinef cient, andproposeda
Tempoel Hierarchical Index (THI) Treeto suppressearch
structureredundang betweentime-steps,exploiting both
histogramdistribution andtemporalcoherence.

Reinhardet al. [RHP0Z binnedsampledy isovaluefor
eachtime step,loadingonly thosebinsrequiredfor a given
query:this form of binning exploits histogramdistribution
but nottemporalcoherence.

For volumerendering Shen& JohnsorSJ94 introduced
Differential VolumeRenderingin which they precomputed
the voxels that changedbetweenadjacenttime-steps,and
loadedonly thosevoxels that changedprincipally exploit-
ing temporalcoherence.

Shen[SCM99 extendedDifferential Volume Rendering
with Time-SpacePartitioning (TSP) Trees which exploit
bothspatialdistribution andtemporalcoherencevith anoc-
treerepresentationf the volume.Binary treesstorespatial
andtemporalvariationsfor eachsub-block,andthis infor-
mationis usedfor early terminationof a ray-tracingalgo-
rithm, basedon a visual error metric. Shenalsocachedm-
agesfor eachsub-blockin caselittle or no changeoccurred
betweerframesMa & SherfMSO0Q furtherextendedhisby
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guantizingthe isovaluesof the input dataand storingthem
in octreeseforecomputingdifferentials.

Finally, SohnandBajaj[ SBS02 usewaveletsto compress
time-varying datato a desirederror bound,exploiting tem-
poralcoherencaswell asspatialandhistograndistribution.

Our contrikution in this paperis to unify temporalcoher
encein theform of differentialvisualizationwith statistical
distributionsin theform of isovaluebinning.

Before introducing our data structures, however, we
demonstratehe validity of coherenceanddistribution with
somecasestudies.

4., CaseStudies:Data Characteristics of Isabel &
Turbulence

As notedin the previous sectionsour approacho acceler
ating visualizationdependn mathematicalstatisticaland
physical propertiesof the databeing studied.Before pro-
gressindurther, it is thereforenecessaryo demonstrat¢hat
thesepropertiesare the case.We do so by meansof case
studiesof threedifferentdatasets.

The rst andlargestdatasetis the Hurricanelsabeldata
set provided by the National Centerfor AtmosphericRe-
searcNCAR) for the [EEE VisualizationContes2004and
has48time stepsof dimensionr600x500x100It containsl3
different oating point scalarvariablesof which we study
thetemperatur@andpressureWe have alsostudiedthe Tur-
bulent Jets(jets) and Turbulent Vortex Flow (vortex) data
setsprovided by

D. Silver at RutgersUniversity andR. Wilson at Univer
sity of lowato

Kwan-LiuMa at University of California,Davis. Thejets
datacontains150 time stepsof 104x129x129o0ats, while
thevortex datacontainsl00time stepsof 128 oating point
scalars.

4.1. Temporal Coherence

We demonstratéemporalcoherencéoy computingthe dif-
ferencebetweenadjacentime steps,andgraphingthe per
centageof differenceghatexceedan errorboundexpressed
asa percentagef the overall datarange.As we seein Fig-
ure 1(a), at an error boundof 0%, all of the voxels differ
from onetime stepto the next. This may be dueto numer
ical inaccuraciesn the oating point data.lt thereforefol-
lows that 100% of the sampleswill needto be replacedor
thememory-residentersionof thedatato beaccurate.

However, aswe seefrom the secondline on the graph,
betweerd0% and 60% of the samplediffer by morethan
0.3%.Thus,for a0.3%errorin theisovaluesdisplayedwe
cansave asmuchas60% of theloadtime betweengueries.
As the errorboundis increasedurther, the numberof sam-
plesto be loadeddecreasedurther: at 1% error, between
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Figure 1: Tempoml Coheence: Number of samples
that change by more than an error bound of | =

0%; 0:3%; 1%; 3% for the tempeature and pressue scalais
of thelsabeldatasetaswell asthejetsandvortex datasets.

80% and 90% of the samplesneednot be reloadedwhile
at 3% error, over 95%of the samplesieednot bereloaded.

Similar effects can be seenfor pressuren Isabel (Fig-
ure 1(b)) andfor the jets and vortex datasets(Figure 1(c)
& (d)). In Figure 1(d), we believe that the sharpperiodic
dipsindicatethat certaintime stepswere inadwertently du-
plicated.This aside the overall conclusionis thatrelatively
smallerrorboundspermitusto avoid loadinglargenumbers
of samplesastime changes.

4.2. Histogram Distrib ution

In the lastsection,we saw thatthe statisticsof temporalco-
herencepermitef cient differentialvisualizationfor agiven
error bound. It is naturalto ask whethersimilar statistics
aretruefor smallchangesn isovaluesde ning a query We
shaw in Figure2 thatthisis trueby examiningthe histogram
distribution for eachdataset.

For this gure, we setour error boundto 1% and com-
putedthe size of the active setfor individual dataranges
(bins) andfor differenttimes,andalsothe numberof sam-
pleswhosevalueschangedn the temporaldimension.For
example,we seein Figure2(a) thattemperaturésosurbices
in thelsabeldatasetnever have active setsof morethan5%
of the size of a single slice, and that lessthan half of the
active settypically requiresreplacemenbetweenonetime
stepandthe next. For pressurealthoughnearly25% of the
samplesarein theactive setin theworstcasethesesamples
changdittle betweertimestepsindicatingthatthe physical
phenomenomarked by this pressurdeaturedoesnot move
muchin spacebetweertime steps.

In thejetsdataset(Figure2(c)), theworst-caséehaiour

is exhibited: at an isovalue of roughly 80% of the range,
nearly 100% of the samplesarein the active set. Although
this hasimplicationsfor the actualrenderingstep,we see
thatthis setchangedittle with respecto time. However, as
it turnsout, thesedatavaluesconstitutemostof the“air” sur
roundingthe o w understudyandarelikely to beignored
duringdataexploration.

In thevortex dataset(Figure2(d)), we seeagain thatdata
binsinvolve relatively few samplesandthatthesesamples
have alarge degreeof temporalcoherence.

4.3. Spatial Distrib ution

Unlike histogramdistribution, spatialdistribution is harder
to test,asit is bestmeasuredn termsof the spatialdata
structureusedto storethe data.We thereforedeferconsid-
erationof spatialdistribution to the discussiorof Table1 in

Sectionb.

5. Differential Time Histogram Table

In the previous section,we demonstratedhat temporalco-
herenceand histogramdistribution offer the opportunityto
reduceload times drasticallywhen visualizing large time-
varying data sets. To achieve the hypothesizedreduction
in load-timewe introducea new datastructurecalled the
Differential Time Histogram Table (DTHT) along with an
efcient algorithm for performingregular and differential
queriesin orderto visualizethe dataset.

To exploit temporakoherencendhistogramdistribution,
we apply differentialvisualizationin the temporaldirection
andbinningin theisovaluedirection.Sincewe expectuser
exploration of the datato consistmostly of gradualvaria-
tionsin querieswe precomputehedifferencedbetweersuc-
cessve queriesWe modify temporalcoherencéy including
in the differential setonly thosesamplesfor which the er-
ror exceedsa choserbound,furtherreducingthe numberof
sampledo beloadedat eachtime step.

5.1. Computing the DTHT

Our DTHT, showvn in Figure 3 storessamplesin a two-
dimensionahrrayof binsde ned by isovaluerangeandtime
step.In eachbin, we storethe active set(a), anda setof dif-
ferenceqarravs) betweertheactive setsof adjacenbins.

For agivendatasetwith t time stepswe createa DTHT
with t binsin the temporaldirectionandb binsin theiso-
valuedirection.Largevaluesof b will increasehesizeof the
table,but decreasehe rangeof valuesin eachhin, making
active setqueriesmoreef cient for onebin, but not neces-
sarily fasterfor aquerycoveringalargerangeof bins.Also,
large numbersof binswill resultin morestorageoverhead.

We chooseanumberb anddivide theisovaluerangeinto b

¢ TheEurographic#ssociation2005.
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Figure 2: Tempoal Coheence+ Histogram distribution:
Numberof sampleshatchange by morethananerror bound
of I = 1% for the tempeature and pressue scalars of the
Isabeldatasetaswell asthejetsandvortex datasets Each
datasetis dividedup into 100iso-valuebins.
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Figure 3: The Differential Time Histogram Table (DTHT).

Each bin holdsthe active set(a) and differentials between
the bin and adjacentbins (arrows). Componentsot used
for our experimentsare shownin a lighter shade

bins.We alsochoosd , theamountof errorwe will tolerate
in isovaluesfor a singlesampleovertime.

We computethe DTHT by loadingthe rst time stepinto
memoryandbinning the samplesWe thenload the second
time stepinto memoryalongsidethe rst and computethe
differencebetweenthe two time steps.Any samplewhose
differenceexceedshe errorboundis addedto the differen-
tial setin the time direction. Any samplewhosedifference
doesnotexceedtheerrorboundis modi ed sothatthevalue
in the secondtime stepis identicalto the valuein the rst
time step:this ensureghat,overtime, errorsdo notaccumu-
late beyond our choserbound.

At the sametime, differentialsare computedin the iso-
valuedirectionif thesearedesired.In our experimentswe
have choserto renderusingsplatting:in this caseeachsam-
ple belongsto only onebin andthe active setsin adjacent
binsaredisjoint. It follows thattheisovaluedifferentialsare
equalto the active sets,andcanbe omittedaccordingly we
shav themin alighter shaddn Figure3. In casewe wantto
adaptthe datastructureto supportextractionof isosuraces,
eachvoxel may belongto a rangeof isovaluebins depend-
ing on the valuesof its neighbors;thereforethe bins will
have overlapandit would bereasonabléo have differentials
betweemeighborbinsto avoid redundang.

The rst time stepis thendiscardedandthenext time step
is loadedandcomparedo thesecondime step.Thisprocess
continuesuntil theentiredatasethasbeenprocessed.

For eachsample we storelocation,isovalue,andnormal-
ized gradientvectorat a leaf nodeof a branch-on-needc-
tree.At all times,the currentactive setis storedin abranch-
on-needctree asaretheactive setsandthedifferentialsfor
eachbin. Samplesreaddedor removedfrom thecurrentac-
tive octreeby tandemtraversalwith the octreesfor the bins.

Insteadof singlesampleshowever, we storeentirebricks
of data(typically 32 32 32) at octreeleaves, eitherin
linked lists (if no morethan60% is actie) or in arrays(if
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Structure List Octree Octree
All Active Sets  1stActive Set

I GB %age GB %age GB  %age
Isabel - temperature
0.0% 34.6 737% 27.7 591% 185 394%
0.3% 22.4 A77% 179 382% 8.7 186%
1.0% 15,0 320% 12.0 256% 2.8 60%
3.0% 122 260% 9.8 209% 0.59 12%
Isabel - pressue
0.0% 34.6 737% 27.7 590% 185 394%
0.3% 176 371% 141 301% 49  104%
1.0% 13.8 294% 111 237% 1.9 40%
3.0% 124 264% 9.9 211% 0.72 15%
Turbulent Jets
0.0% 74 673% 5.0 455% 3.4  330%
0.3% 34 310% 24 216% 0.71 70%
1.0% 28 255% 19 173% 020 20%
3.0% 26 236% 1.8 164%  0.06 6%
Turbulent Vortex Flow
0.0% 46 731% 3.7 588% 25 394%
0.3% 40 636% 3.2 509% 20 320%
1.0% 35 556% 2.8 445% 1.6 252%
3.0% 26 413% 2.1 334% 0.93 150%

Table 1: Size(in GB and percent of original data set) of
DTHT usinglists andoctreeswith all or onlythe r stactive
setstored.

morethan60% s active). We save spaceby storingsample
locationsrelative to the octreecell insteadof absolutelyre-
quiring fewer bits of precision.

Moreover, octreesare memorycoherent,so updatesare
more efcient thanlinear lists, althoughat the expenseof
a larger memoryfootprint, as shavn in Table 1. We note,
however, thatthememoryfootprintis principallydetermined
by the sizeof theoctreedor theactive sets.

Furtherreductionsin storageare possibledependingon
the natureof the queriesto be executed.We assumethat
abruptqueriesarefew andfar betweenanddispensewith
storingactive setsexplicitly exceptfor the rst time step.If
anabruptqueryis madeattimet, we canconstructheactive
setby startingwith thecorrespondingctive setattime 0 and
applyingall differentialsetsup to timet. Doing soreduces
theamountof storagerequiredevenfurther, asshavn in the
third columnof Table 1. As with the isovalue differentials,
we indicatethis in Figure3 by displayingthe unusedactive
setsin alighter shadeWe canalsostoreactive setsin asub-
setof a priorily chosenkeyframesso that we always start
from the neareskeyframeinsteadof startingfrom the rst
frame.Anotherway of reducingthe storagéds to remove the
active setsanddifferentialsfor the non-interestingsovalue
rangege.g.theemptyspacesyvhich canhave ahugeimpact
dependingn the natureof the dataset.

5.2. Queriesin the DTHT

For ary query we rst classifythe queryasgradual(a small
changepr abrupt(alargechange)asnotedin Section2, we
expectthe natureof userinteractionwith the datawill cause
mostqueriesto begradualin natureratherthanabrupt.

We choseto implementvolume renderingusing point-
basedsplatting,in whichtheactive setconsistonly of those
samplesfor which the opacity is non-zero.This active set
may spanmultiple DTHT cells, as shovn in Figure 4, in
which casewe usethe union of the active setsfor each
DTHT cell. It is also possibleto useothervolume render
ing methodsaslong asthey alow runtimeupdateof thedata.
For instancehardwaretextureslicingwould besuitableonly
if the hardware allows texture updateswithout requiringto
loadthewholetexturefor eachupdate.

Abrupt queriesarehandledby discardingthe existing ac-
tive setandreloadingthe active setfrom the corresponding
bin or binson disk. Becausehe datawasbinned,the active
setis over-estimatedor ary giventransferfunction.Thisis a
conserative over-estimatevhichincludesthedesiredactive
set,but is sensitve to the sizeof thebin. Too few binsleads
to largenumbersf discarddor a particularquery while too
mary binsleadsto overheadn datastructuresandoverhead
in meiging octrees.

<

TF Opacity Time

\J \J_'_U U_'-\J +W &

@20
f#.@.*.@ Q& gitli-\llzells
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Figure4: ActiveDTHT CellsFor a GivenTransferFunction.

Gradualqueriesin the temporaldirection edit the active
setusingdifferentialsfor eachbin spannedy the transfer
function. Sinceforwardsandbackwardsdifferentialsarein-
verse,we only storeon eacharron the setof sampleghat
needsto be addedin thatdirection. The setof sampleghat
needgo beremoredis thenthe setof samplestoredon the
opposite-directiomrron betweerthe sametwo bins.

Gradualqueriesin theisovaluedirectiondiscardall sam-
plesin abin whenthetransferfunctionno longerspanghat
bin, andaddall samplesn a bin whenthetransferfunction

rst spanghatbin. It shouldbe notedthatrandomaccesgo
voxelsin ouroctreebasedlatastructures notef cient since
it requiresop down traversingof all octreedor to accesshe
voxel. Hence visualizingmultimodaldatawould be gener
ally dif cult. We have addressethatin ourfuturework.

For fasterrendering,partial imagesfor eachbaselevel
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block in the currentactive octreeare stored,asin the TSP
tree[SCM99. Sincewe updatebaselevel blocksin the oc-
tree only when changessxceedthe | -bound, thesepartial
imagesoftensurvive two or moretime steps.

6. Resultsand Discussion

We implementedour differential temporal histogramta-
ble algorithm and visualized different scalartime-varying
datasetintroducedn Sectiord, usinga3.06GHzIntel Xeon
processqr2GB of main memory and an nVidia AGP 8x
GeForce6800graphicscard,with datastoredona leserver
onal00Mb/sLocal AreaNetwork.

In our experimentswe used b = 100 isovalue bins,
set the base-lgel brick size in the octreesto 32x32x32,
and tested four different values for error bounds(/ =
09%; 0:3%; 1:0%; 3:0%).

In our rst experimentwe controlledthe numberof active
voxels by changingthe transferfunction width (the range
of non-transparentlatavalues).Startingwith a 0% width
transferfunction covering no bins, we increasedhe width
until all datavalueswere classi ed asnon-transparenand
all bins were loaded.The top threerows of the gures in
the color plate shav representatie imagesunderthis sce-
nario. In Figure5, we comparethe performanceof DTHT
active setsalonewith the performanceof DTHT active and
differentialsets renderingeachdatasetwith anerrorbound
of I = 1:0% andtransferfunctionsof varying widths. The
performancas principally driven by the width of the trans-
fer function, andit is clearthata signi cant speedgain in
loadingthe datacanbe achievedwith the differentialsets.
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Figure 5: | = 1:0% Renderingand data loading perfor
mancefor DTHT usingactiveand differential les. There-
portedtimesare averaged over multipletime steps.

We next investigatedthe performancef ouralgorithmfor
differentisovaluerangescollectingthe samemeasurements
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asbeforefor constantwidth (10%) transferfunctionswith
differentplacementsThe bottomthreerows of the gures
in thecolor plateshav representatie imagesunderthis sce-
nario. Theresultsfor I = 1:0% anddifferentdatasetsare
shavn in Figure®6.
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Figure6: ! = 1:0% Performancdor DTHT usingactiveand
differential les, showingalsotheratio of activevoxelsto all
voxels(in yellow). A transferfunctionspanningl10% of the
datarange wasusedwith differentcentie points.Resultsare
averagedover several time steps.

To simplify comparisonye calculatedthe ratio between
thedifferentialDTHT updatesanddirect DTHT updatedor
both setsof experiments.Sincethe goal of this paperwas
to improve the loading times, we excludedrenderingtime
from our gures. The goal wasto investigate the casesin
which updatingthe octreeusingdifferential les werefaster
thanstraightforvardloadingof theactive les. Figure7 and
Figure8 show theratio betweerthe performancef thetwo
methods respectiely for differentwidth transferfunction
andconstantidth transferfunction.

In a third experimentwe investigated performanceor a
x ed time but varying transferfunction. Comparedto the
brute-forcemethod, where all of the datais loaded, our
methodtakesadwantageof the renderingparameterso load
only the voxels participatingin the nal rendering.Chang-
ing the transferfunction causechew binsto be addedto or
removedfrom thedataset.Theresultsareshavn in Figure9.

Loadingtime of DTHT methodsdependgreatly on the
amountof active voxels. In both experimentswhena small
numberof voxelsareactive, loadingthe octreedirectly from
theactive les is comparatiely fasterthanusingthe differ-
ential les. It is mainly becausef the factthatloadingthe
octreedirectly from the active_\oxels les, requiresgoing
throughtheoctreeonly oncepereachbin, while in thediffer-
entialmethod,it will betwice pereachbin; onceto remove
theinvalid voxels, usingvoxels_to_remwe les andthento
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Figure 7: Ratio betweenDTHT differential updatingtime
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addthe new voxelsusingvoxels_to_addles. Hencemem-
ory accesgime and octreeprocessingime overcomeshe

les transactiortime when small amountsof dataareread
from the harddrive.

As thenumberof active voxelsincreasesmoredataneed
to be loaded/updatefrom the external storage Hence,the
memory-storagéransactiondecomethe bottleneck.Since
therearerelatively few datain the differential les, the per
formanceof updatingthe octreeusingthe differential les
becomedetterthanthedirectloading.However, theratio of
this performancéighly depend®n thetemporalcoherence

— resizing ransfer function
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Figure 9: Loading time of incrementaltransfer function
changes.

of thedataset.For examplesincethe TurbulentVortex Flow
datasetisn't astemporallycoherentasthe otherthreedata
sets,evenwith a1.0%errorbound thedifferentialupdating
is slower thanthe directloadingandthat's simply because
the numberof voxels_to_add+ voxels_to_remue is larger
thantheactualamountof active_\oxels.

Noisein the diagramsaremainly dueto loadingthe data
througha local areanetwork connectionwhich is fast, but
doesnot alwaysprovide a constandatarate. Therearealso
large variationsin somepartsof Figure 7 and Figure 8. It
canbeseenthatthe noiseis mostlyin the partsin which not
mary voxels are active. This is becausef the factthat, as
the loadingtimesbecomesmaller they becomemoreerror
proneto beaffectedby slightestactivities in thehardwareor
theoperatingsystem.

7. Conclusionand futur e work

Ef cient explorationandvisualizationof largetime-varying
datasetss still oneof thechallengingoroblemsn theareaof
scienti ¢ visualization.In this paperwe studiedthe tempo-
ral coherencef sequentiatimesandhistogramandspatial
distribution of datain time-varying datasetsand proposed
anew datastructurecalleddifferentialtime histogramtable
(DTHT) to take advantageof thesecharacteristicgo ef-
cientlyloadandrendertime-varyingdatasets.

In a preprocessingtep,we encodethe temporalcoher
enceand histogramdistribution of the datain the DTHT
datastructure.Later, during the visualizationstep,we use
this differentialinformationto accelerataipdatingdataby
minimizing the amountof datathat needsto be transfered
from disk into main memory To storethe datain external
storageandto keepthe active datain main memory we use

¢ TheEurographic#ssociation2005.
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an octreedatastructurewhich acceleratesoadingandpro-
cessinglataby exploiting spatialdistribution.

Thework presentedn this paperwasmainly focusedon
analyzinghestatisticakcharacteristicef largedatasetso re-
ducingthe datatransferbetweermemoryandexternalstor
ageduringthevisualizationprocessWe areplanningto fur-
therimprove performancéy applyingcompressioschemes
for the datain leaf nodesand addingmulti-level informa-
tion to the sub-levels of the datastructureto enablemulti-
resolutionrenderings.

Currently the renderingtime is dominatingthe overall
time to producean image.This is dueto the fact, that the
renderingalgorithmhasnotbeenoptimizedatthis point. We
planto take adwvantageof the octreedatastructurefor hier
archicalrenderingof our datain our next implementation.
Imagecachingocclusionculling andparallelrenderingwill
furtherdrasticallyimprove therenderingoerformance.

Our future work includesapplying propermaodi cations
to DTHT in orderto enablethe extraction of isosuraces
andto handlemulti-modal datasetsinvestigating methods
to changethe error bounds(/ ) during run time basedon
theusercontrolandthetransferfuntion andmethodgo deal
with multi-dimensionatransferfunctions.
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Figure 10: RendeedImageswith representativaransferfunctions Displayedare sixrowsof ead dataset- (leftto right) Isabel
tempeature, Isabelpressue, Turbulent Jetsand Turbulent Vortex Flow. Thetop threerowsshowgrowing transferfunctions,
andthe bottomthreerowsshowshiftingtransferfunctions,correspondingo our experimentsn this section.
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